Polarization as Texture: Microscale 3D Shape from Polarized Light Focus
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Figure 1. Shape from Polarized Light Focus. We show that (a) capturing different depth-focused stack images with a microscope polar-
ization camera provides (b) effective textures for focus level estimation. (c) Our method further utilizes normal cues from polarization and

recovers per-pixel accurate shapes of tiny objects.

Abstract

Defocus is a crucial cue for image-based microscale
depth estimation, yet its measurement depends on spa-
tial appearance changes, such as texture. We show that
passively observed polarization is responsive to small
irregularities of the surface visible in the microscopic
world and can be leveraged for focus measure as a
strong texture. Our key idea is to leverage texture from
polarization for blur analysis and accurately estimate
the focus level of microscopic polarization images. We
further utilize normal cues from polarization to create a
prior distribution of the focus level between neighbor-
ing pixels. We then interpolatively propagate the focus
level of discrete image slices at different focus depths
while denoising. We implement our method with a sin-
gle polarization camera with a microscope and recover
the per-pixel depth from the multi-focus images. The
reconstructed results demonstrate the effectiveness of
our method for various microscale objects regardless
of the surface texture.
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1. Introduction

Microscale shape recovery has profound applications in
medical and bioinformatics, such as the non-contact and
non-invasive analysis of insects and fertilized eggs, the in-
spection of precision instruments, and material science ap-
plications. A common problem in microscopic capturing
is blur caused by shallow depth of field, making applying
many successful methods and camera setups impractical.

Shape from Focus (SfF) [15,32] is an innovative passive
shape recovery method that leverages this blur’s depth de-
pendence. Suppose we capture multiple images while mov-
ing the focus depth. The depth is then estimated using the
fact that the most in-focus position corresponds to the depth
for each pixel. However, SfF is limited by its reliance on
spatial variations in surface appearance, such as texture, to
identify blur. Therefore, applying SfF to textureless objects
is still an open problem.

In a visual world that differs from the scale we humans
see in our daily lives, are textures the only things that cause
spatial changes in appearance? In the close-up world, there
is often irregularities on surfaces we do not notice, and
these shape changes can show new patterns in the reflec-
tion of light. If there is an efficient way to capture such
small changes, it can improve blur analysis accuracy, and
also provide clues to the fine surface geometry.



In this paper, we show that polarization behaves like tex-
ture that depends on the surface orientation and recovers
accurate per-pixel depth from multi-focus images. Our key
idea is to leverage texture from polarization for analyzing
the image’s focus blur and accurately estimate the focus
level of microscopic polarization images. Additionally, to
effectively exploit the normal cues from polarization, we
determine the global shape by designing a prior distribution
of focus levels between adjacent pixels based on observed
polarization. For this, we filter the focus-level volume by
belief propagation with our joint probability designed from
the normal cue.

We implement our method with a passive imaging sys-
tem consisting of a polarization camera, a microscope, and a
coaxial-falloff illumination for diffuse polarization analysis.
We quantitatively validate the effectiveness of our polari-
metric focus measure and polarization-guided belief prop-
agation through evaluation and ablation experiments using
synthetic images. We also evaluate the effectiveness of our
method qualitatively on various real-world objects. The re-
sults clearly demonstrate that our method can recover the
accurate 3D shape of microscale objects regardless of sur-
face texture.

Our major contributions are as follows:

* A novel SfF method utilizing polarization for per-pixel
depth recovery of tiny textured and textureless objects.

* Derivation of a blurring model in polarization images
and a novel focus measure method using Stokes vec-
tors based on this model.

* A novel method of updating global focus level based
on belief propagation leveraging normal cues from po-
larization.

2. Related Work

Most image-based 3D shape reconstruction methods
face challenges when applied to microscale objects. For
instance, multiview stereo [16] requires precise physical
alignment and handling of the blur, and in photomet-
ric stereo [26, 46], the normals are affected by blur and
smoothed out. As another approach, Interferometric tech-
niques [23, 25] or differential phase contrast techniques
[9,42] are effective in achieving high-depth resolution. Un-
fortunately, many of these methods require active light
sources, or even when natural light is utilized, the complex
optical system increases construction costs and form fac-
tors.

Shape from Focus and Defocus Shape from focus and
defocus has been proposed as a method for 3D shape re-
covery using focal blur as a depth cue rather than a distur-
bance [3,15,32,34]. In SfF, the accuracy of measuring focus

level is a critical factor in determining focus depth. Focus
level is closely related to local sharpness and is also used for
autofocus [14,48] and acquiring all-in-focus images [1,27].

Numerous approaches [35] have been proposed to ex-
tract the focus level from the image, including gradient-
based [2,29], Laplacian-based [4,32,40], and wavelet-based
[17,47,48] operators. However, they are theoretically based
on changes in spatial appearance or features in a window
and thus become unreliable for textureless surfaces. Surh et
al. [38] proposed a ring difference filter with gaps to remove
neighboring pixels and calculated semi-local focus levels.
Nevertheless, determining the appropriate gap size depends
on the object, and accuracy is limited for large textureless
areas.

Shape from Polarization In the context of shape cues
in passive sensing, polarization can provide normal cues.
When light is reflected by an object’s surface, the reflected
light is polarized depending on the surface normal. Shape
from Polarization (SfP) method utilizes this property to
recover surface normals, but as an inverse problem, it is
known that ambiguities exist in normal estimation [5,31].

Therefore, resolving this ambiguity is one of the core is-
sues of SfP. Numerous SfP methods have been proposed,
combined with multiview [11,49-51], shading [19, 33, 36,

,43,44], active lighting [21, 28], shape assumptions such
as surface integrability, and deep prior [6, 12,20, 24]. How-
ever, most of these techniques are not directly applicable to
microscale objects and are influenced by blurring.

The concept of regarding polarization as texture has been
proposed by a few of the binocular stereo [18,41]. How-
ever, as the observed polarization is view-dependent [7, 1 3],
encoders that extract view-independent features must be
trained to utilize these characteristics effectively. Addition-
ally, as a stereo method, accuracy is also influenced by the
texture of the object’s surface.

In contrast to the above, we utilize polarization as a tex-
ture to SfF without changing the viewing direction. We de-
rive the blurring model of polarization and analyze it for
shape reconstruction. In addition, we propose a method to
design a global shape prior to distribution free from the am-
biguity of surface normal in the observed polarization, in-
spired by the concept of iso-depth contour [11].

3. Background: Polarimetric Defocus Model

We first briefly introduce polarization and describe how
polarized light is blurred for the focus analysis.

3.1. Polarization

When light travels as a wave, it oscillates perpendicular
to the direction of travel. Unpolarized light, such as sunlight
or incandescent light, consists of oscillations in random di-
rections perpendicular to the direction of travel. In contrast,
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Figure 2. Stokes image reveals spatial changes in surface orien-
tation. (b,c) The s1 and s components efficiently respond to the
normal azimuth’s orientations and can extract features different
from (a) the DC component’s appearance change.

polarized light has a biased direction of oscillation. To ex-
amine the degree and orientation of such bias, we can utilize
a linear polarizer and extract a specific angular component
of polarized light, as employed in polarization cameras.

Concerning the light observed by a polarization camera,
observed intensity I(«) for the filter angle « of the linear
polarizer is described as

I(a) = I + pl cos(2a — 2¢), (1)

where p represents the degree of polarization (DoP), and ¢
represents the angle of polarization (AoP). DoP is the am-
plitude ratio to the average component I, and AoP is the
filter angle such that I(«v = ¢, ¢ + 7) reaches its maximum
value. Note that in the case of circularly polarized light,
the plane of oscillation also rotates as the light propagates.
In this paper, we only consider the change in the dominant
linear polarization since we observe the reflections of unpo-
larized light sources.

Recent division-of-focal-plane (DoFP) polarization cam-
eras, which utilize a quad-Bayer for linear polarizers, can
capture polarization images with four filter angles o =
(0,7/4,7/2,3w/4) from a single image. It allows for the
linear estimation of the parameters in Eq. | for each pixel
[19]. For blur analysis, our method especially focuses on
the Stokes vector S = (sg, 51, S2,53) |, computed only by
adding and subtracting each filter angle intensity;

I(0) + I(%) 2I
| I(0)=I(%) | | 2plcos2¢
5= I(g)—](%) “ | 2pIsin2¢ |- 2)
0 0

3.2. Observation of Object Surface

Dichromatic reflection model When unpolarized light
is reflected on a dielectric surface, the polarization state
changes depending on the Fresnel effect, resulting in par-
tially polarized light. The DoP and AoP of reflected light
depend on the normal of the object’s surface, and their char-
acteristics differ between specular and diffuse reflections.
In this study, following the pBRDF [7], we rewrite Eq. | at

a certain wavelength by the dichromatic reflection model to
exploit the normal cues;

I(a) = I+ pslscos(2a — 26,)

z _ 3
+ Ig+ palicos(2a — 2¢y4), )

SfP methods typically reconstruct the shape by utilizing the
fact that ps, p4, @5, @4 are a function of the surface normal.
However, the complexity arises from separating specular
and diffuse components and the microfacet normal distri-
bution for specular reflection, which hinders accurate re-
covery. Instead of analyzing Eq. 3 for arbitrary lighting en-
vironments, we employ passive measurements with coaxial
falloff lighting to simplify the model.

Polarization Measurement Under Coaxial Falloff Illu-
mination We employ lighting such that only the diffuse
reflection is partially polarized. When using coaxial falloff
illumination, the DoP of specular reflection p, becomes 0
because the angle of incidence is 0°. Note that the DoP of
the specular lobe, which is caused by microfacets, also be-
comes 0. Hence, observed intensity of Eq. 3 becomes

I(a) = (Is + 1a) + pala cos(2a — 2¢4). “)
The representation of diffuse polarization is effectively
modeled as the transmission of unpolarized light from the
object’s surface layer, which depends on the principal nor-
mal of the point of interest [7]. That is, for the surface nor-
mal denoted by n = (costsiné,sinsinf,cosd) ', the
following hold;

_TiO)-T.(0)
T)(0) + T..(6)’

where T} (0), T (¢) denote Fresnel transmittance of p-
polarized and s-polarized components at the observing
wavelength.

Fig.2 shows s; and s, components calculated from po-
larization images of a Zeolite as an example. It clearly
shows that the polarization behaves like a texture due to the
normal changes on the surface.

3.3. Blurring Model

Y =¢aorps+m, (5)

Pd

Since DoFP polarization camera has linear polarizers on
the sensor side, the effect of focus blur is modeled as the
spread of the light just before it passes through the linear
polarizers. Let us denote the depth-dependent blur kernel
as h(zp) and blurred Stokes vector as S’. We can describe
the whole process by Muller calculus as follows,

2(1, + I)
QPdId (o)) 2(}5(1
2Pdfd sin 2(15(1 * h(Zp) ’
0

SI, =L(a)S = L(«)

(6)
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Figure 3. Shape-dependent spatially varying appearance. When
we choose a viewpoint under coaxial falloff illumination, a surface
of the shape that has an appearance in (a) provides shading as in
(b). On the other hand, polarization can reveal different shape
features, with the angle of polarization appearing as in (c).

where z, denotes the depth at pixel p, and * denotes the
operator of the convolution for the image domain. L(«) is
the following Muller matrix representing the polarizer [10],

1 cos 2a sin 2« 0
L(a) = 1| cos2a cos? 2u cos 2asin 2o 0
2 | sin2a cos2asin 2« sin? 2a 0
0 0 0 0
(7N

Up to this point, the observed polarization image with focal
blur can be described as
I'(a) = sq0
= (Is + I4) * h(zp) + palycos(2a — 2¢q) * h(zp)
= I(a) * h(zp).

®)

Eq. 8 indicates that we can obtain a blurred Stokes vector
S’ in the same manner as Eq.2. Also, we can extend this
blurring model to the division-of-time polarization cameras,
which typically have linear polarizers in front of the camera
lens.

Shading feature v.s. AoP feature Even when polariza-
tion cannot be observed, shading also works as a spatially
varying pattern that depends on shape. To intuitively under-
stand the difference between the two and the usefulness of
polarization, let us consider the case when an object with the
shape shown in Fig. 3(a) is observed under coaxial falloff il-
lumination. The spatial variation of radiance due to shading
depends on the angle between the surface normal and the
light source direction. This means the radiance is not af-
fected by normal changes around the light source direction
vector, and this insensitivity is visible in some instances, as
shown in Fig. 3(b). In contrast, diffuse polarization depends
not only on the angle between the surface normal and the
viewing direction, but also on the change around the view-
ing direction vector. For instance, AoP of diffuse polariza-
tion appears as shown in Fig. 3(c).

4. Proposed Method

We leverage polarization with the polarimetric focus
measure and polarization-guided belief propagation for the
focus level estimation and reconstruct an accurate shape per
pixel. Our method uses a few realistic assumptions, as fol-
lows;

* Orthographic projection for the camera

 Coaxial falloff illumination (a directional light source
that has the same direction as the viewing direction)

* Dielectric surface for the objects
4.1. Polarimetric Focus Measure

In this section, we describe how the proposed method
measures the focus level of each pixel in polarization im-
ages and identifies the focus position in 3D space.

Acquisition of polarization focal stack We utilize a
monochrome DoFP polarization camera capable of simul-
taneously acquiring polarization information in four direc-
tions (0, %, Z,3%) to capture the polarization images. As
illustrated in Fig. 1(a), the focal stack of raw images is ob-
tained by capturing N steps while sweeping the focal point
at known constant intervals along the depth direction. The
captured stack is then converted to a polarization focal stack
Jo € REXWXN (1o =, 15 ?jf) by a demosaicing pro-
cess [30].

Focus measure from Stokes vector Intuitively, depend-
ing on the object’s surface depth, each pixel p will be best
focused at a sub-frame of the N image stacks. To detect
this, we need a measure of how much is in focus, and mea-
suring the focus level of each image pixel is called focus
measure (FM). We follow the survey by Pertuz et al. [35]
and employ the wavelet-based method [48] for the FM. That
is, for each single image, FM evaluates the focus level for
each pixel p as

fp = Z (IWra @)+ War®)| + Wuu®)), ©)
pPEQD

where Qp denotes the local window. Wy, Wy, and
Wi denote the vertical, horizontal, and diagonal high-
frequency components from the discrete wavelet transform,
respectively.

We apply the FM to the Stokes vector representation of
the images described in Sec. 3.3 to efficiently evaluate the
focus levels of the unpolarized and polarized components.
To this end, we convert the polarization focal stack J, using
Eq. 2 to obtain a focal stack of Stokes images. Let us denote
this stack of images as element-wise stacks G, 51,65 €
RAXWXN “jonoring the s3 component (Fig. 1(b)). By uti-
lizing the FM in Eq. 9, we can then extract the focus levels
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Figure 4. The strategy of polarimetric focus measure based on the
Stokes vector aims to capture (a, b) the focus level of radiance
as well as the focus level of polarization and (c) merging these to
suppress false peaks.

from G, &1, and S for the DC, horizontally polarized,
and 45°polarized components.

Ideally, the focus level from FM should have a single
peak for the sweep direction for each pixel. However, false
peaks can be measured due to depth distribution around the
pixel of interest and noise effects in general. Fig.4 shows
an overview of the polarization FM calculation to suppress
false peaks. Fig.4(a) shows an example of the focus level
calculation for stacks of NV = 15 Stokes element images.
Picking up the pixel at the red x position, the distribution
of normalized focus level in the depth direction becomes
each of Fig. 4(b). For Gy, &1, and G5 alone, the focus level
is not clear near the peak position, and the focus level has a
certain magnitude even far from in-focus depth.

Therefore, as shown in Fig. 4(c), we merge each element
to suppress false peaks while enhancing common regions
of high focus levels, which contributes to robust peak de-
tection. As a simple approach as a joint probability, we
multiply each focus level and normalize it to obtain the dis-
tribution £ € RIXWXN of focus levels.

4.2. Polarization-guided Belief Propagation

The FM above measures focus levels locally. To improve
the accuracy of the focus level volume, we utilize shape
cues from polarization to guide the global distribution of
focus locations in 3D space. Inspired by the concept of iso-
depth contour tracing with polarization [ 1], we filter the
focus level volume by graph optimization.

Consider a Markov random field (MRF) with each pixel
as a node. We assign a random variable f,, to represent the
focus level for each node p, and let f be the set of all f,, for
all nodes. When the true focus level _;” is observed as f by
the FM of the captured stack, our goal is to maximize the

Figure 5. Overview sketch of joint weights for our belief propaga-
tion. The pixel p propagates the belief to the adjacent pixel g based
on a joint weight designed from the normal cue of polarization.

following posterior probability.

P(fIf) < P(fIf)P(f). (10)

Note that P(f|f) is obtained from the measured focus level
of observation. Let us consider modeling prior P(f) by an
MRE. Since the focus position is shape-dependent, a joint
probability ¢, (fp, fq) can be defined for the focus level
for neighboring pixels. The MREF is then described as the
joint probability for all links of nodes as follows,

P(f)z%H 1T #wa(for £, (1)

P gEN(p)

where Z is a normalization constant and A/ (p) denotes the
set of neighboring nodes. Specifically, when considering
two neighboring pixels p, ¢ as shown in Fig.5, the ran-
dom variable f, has links with f, for NV depths. There-
fore, ppq(fp, fq) can be determined by the following func-
tion ®(zp, p, q);

1/Zs (2p = 2¢),
wi1/Zs  (|zp — 24| = Ad), (12)
wo/Zg otherwise,

(P(Zp7p7 C]) =

where 2, and z, represent the depths of pixels p and g, re-
spectively. Ad is the constant distance between the focal
planes of two consecutive stacks, and Zg is the normaliza-
tion constant for N depths. The weights w; and wy satisfy
1 > wy > wo > 0. Note that the weights are uniformly set
to wy when the |z, — z,| value is larger than Ad to address
discontinuous edges.

Our method calculates the values of w; and ws utilizing
the normal azimuth angle obtained from polarization. As
described in Eq.5, the normal azimuth has two potential
candidates (¢4, ¢4+ ) for the observation. Since these two
candidates limit the potential gradient direction, the contour
is expected to align along the azimuth angle ¢4 + 5 or ¢4 +
37” [11]. Therefore, in order to express the joint probability
with 8 neighbors for each pixel, our proposed method sets
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(pBRDF:ZrO2) are approximately Imm. The blank area is because the corresponding method does not output the depths or the normals.
Eq4, E,, below the images denote the RMSE in mm and the MAE in degree, respectively.

small w; and w; to emphasize the weight at z, = z; when
p and q are aligned in the contour direction (pixels with an
azimuth of 0° + 30° as horizontal, those with an azimuth
of 45° £ 15° or -45° + 15° as diagonal, and those with an
azimuth of 90° + 30° as vertical.) and sets more uniform
weights in other cases. Note that the DoP in Eq. 5 is not used
here. This is because the DoP for diffuse polarization is
sensitive to noise, and by utilizing only the AoP as a normal
cue, we avoid refractive index estimation and dealing with
the specular component in Eq. 4.

We apply belief propagation (BP) to the maximization
problem above and propagate beliefs until convergence. Let
F e REXWXN represent the focus level obtained by the
BP. The final depth is determined by estimating the peak
based on discrete focus levels F'. Instead of fitting the focus
level to a specific distribution (e.g. Gaussian [32] or poly-
nomial [37] ), we determine the sub-frame depth stably by
taking a weighted average based on the peak and 5 before
and after focus level for each discrete depth.

5. Experimental Results

We experimentally validated our method using synthetic
images and real microscopic polarization images.

5.1. Evaluation with Synthetic Data

We quantitatively evaluate the shapes recovered by our
method and other methods using synthetic images. We ren-
der a polarization image of a diffuse object with an uneven
and untextured surface using the pBRDF dataset [8] and
synthesize a focal stack based on Eq. 8. The light source is
positioned coaxially with the camera, and each scene has 30
focal stacks for objects of approximately Imm in size. We
add irregularities as a uniform distribution with a maximum
of R,mm to the depth of the mesh model (Sphere, Bunny
and Cheburashka). We also add the zero-mean Gaussian
noise with 0.02 standard deviation [38] to the raw input in-
tensities ranging in [0, 1], considering noise injection.

As baseline methods for comparison, we apply the
method of Surh er al. [38], Won et al. [45](trained their
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Figure 7. Error in different irregularity level. The lower irregu-
larity level R. corresponds to the smooth surfaces. Our method
successfully recovers the shape regardless of the irregularity lev-
els.

model on FlyingThings3D) as the SfF method and the
method of Smith ef al. [36], Ba et al. [6], and Deschain-
tre et al. [12] as the SfP method. In this paper, the our
proposed method consistently uses (w1, w2) = (0.8,0.6)
for the contour direction and (wy,ws) = (1.0,0.8) for the
other directions. Regarding the weight, the result becomes
like a step if the weight difference is too significant. On the
other hand, when the weight difference is too small, there
is almost no change compared to the baseline BP. We em-
pirically found this parameter. We input the stack &g for
the SfF method, assuming a regular camera, and input a
single all-in-focus polarization image for the SfP methods.
To compare the surface normals, we calculate our method’s
normals by creating meshes with screened Poisson surface
reconstruction [22] with 6 octree depth, instead of relying
on the DoPs.

Baseline comparisons Fig. 6 shows the results of shape
reconstruction of surfaces with R, = 5.0 x 10™3mm ir-
regularities. The values of error E; and F,, represent RM-
SEs of the depth and the mean angular error (MAE) of the
normal in degrees, respectively. The results show that our
method achieves quantitatively the best accuracy in depth
reconstruction. It clearly shows an advantage over the SfF
method without polarization [38,45] for textureless objects.
In addition, although our method does not use DoP, its re-
covered normals are comparable to those of state-of-the-art
SfP methods, and it can recover bumpy areas where other
SfP methods [6, 36] smooth them out.

Comparison with different irregularity levels We quan-
titatively evaluate the reconstruction accuracy for different
irregularity levels. We add different irregularities up to
R, = 0.02mm to the mesh model of Imm in size. Fig.7
shows the RMSEs of reconstructed depth for different R, .
In contrast to the irregularity tends to interfere with the
accuracy of the single-shot SfPs, which assumes surface
smoothness, our method effectively leverages different lev-
els of irregularities.

Table 1. Ablation study.

[ S0 [ Stokes [ Stokes+BP [ Stokes+BP*

Sphere E; | 0.072 | 0.052 0.030 0.027
E,| 685 | 6.62 6.43 6.42

Bunny Eq | 0.14 | 0.090 0.048 0.043
E,| 156 | 143 10.4 10.1

Cheburashka FE4 | 0.12 | 0.076 0.051 0.047
E,| 955 | 863 7.80 7.70

Microscopic
polarization camera

Fresnel lens

Unpolarized
Beam splitter light source
(em

Object

Vertical translation stage

Figure 8. Experimental setup.

Ablation study We conduct an ablation study to quanti-
tatively evaluate the effectiveness of our FM based on the
Stokes vector (Sec.4.1) and our BP (Sec.4.2). Table 1
shows the result of F;: the RMSE of the estimated depth
and FE,,: the MAE of the estimated normals for the same
objects in Fig. 6. We compare the FM from regular cam-
era images (“so”), the FM from Stokes images using the
polarization camera (“Stokes”), the FM with the BP assum-
ing a simple weighting (“Stokes+BP”), and the FM with
our BP (“Stokes+BP*”). For the joint weights of the sim-
ple BP (“Stokes+BP”), the weights (wy,ws) = (1.0,0.8)
is used regardless of the adjacent direction. Also, the nor-
mals are calculated using the same method as ours. The
results clearly show that our polarization FM utilizing the
Stokes vector provides more accurate focus levels, and our
BP based on the iso-depth contour concept allows for fur-
ther better depth estimation.

5.2. Real-world Experiments

We also build a 3D sensing system with a microscope
polarization camera. Fig. 8 shows an overview of our exper-
imental setup. We replaced the camera of an off-the-shelf
microscope camera system with a monochrome polarization
camera (LUCID TRIO50S1-PC) that uses quad-Bayer po-
larization filter chips (Sony IMX264MZR). We constructed
coaxial falloff illumination by introducing a Fresnel lens
and a non-polarizing beamsplitter for the side light source.
We used fine micrometer movement to capture 30 focal
stacks, moving the focal point at constant intervals. As in
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Sec. 5.1, we input the stack S for the baseline SfF method
and input a single all-in-focus polarization image for the
SfP methods for qualitative comparison.

Fig. 9 shows our results on textured or textureless real-
world objects (a tiny Sphere, a Chrysanthemum seed, and
a Pinecone). The objects are up to 3mm in size and
have various shapes and surface irregularities. The results
clearly demonstrate that our method successfully recovers
the shape of these objects regardless of the texture or the ir-
regularities of the surface. The results of the 3D point cloud
and the recovered normals (the upper and the lower row for
each object in Fig. 9) show that our method provides glob-
ally accurate shapes for all objects.

Limitations The major limitations of our method are as
follows. Since our method relies on SfF, depth accuracy
may be compromised when only a few focal stacks exist.
One potential solution is to model a distribution of focus
levels based on spatial frequency and incorporate it into
the prior distribution of our BP in Sec.4.2. However, that
would not fundamentally address false peaks due to noise or
FMs with finite window sizes. The other limitation is that
our method relies on the polarization of diffuse reflections
of opaque objects. Although our method does not rely on
noisy diffuse DoPs, our BP does not work well for whole

black objects. The same happens to perfectly transparent
objects containing complex optical paths or environment
severely affected by diffraction. Strong indirect light can
also affect especially the AoPs, which may degrade recov-
ery performance in objects with strong inter-reflections.

6. Conclusion

In this paper, we introduced a novel Shape from Focus
method utilizing polarization for per-pixel depth recovery
of tiny objects regardless of the surface texture. We derive
a blurring model of polarization images and show that the
Stokes vector can be leveraged to estimate the focus level
for each pixel. We further proposed a novel method to ex-
ploit the normal cues for updating the global shape based
on belief propagation with the iso-depth contour concept.
Experimental results show that our method can recover ac-
curate per-pixel depth of various tiny objects regardless of
the texture on the object surfaces. Our future work includes
leveraging specular polarization components and analyzing
surface properties such as refraction index, reflectance, and
surface roughness in the context of microfacet normals.
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